Introduction
In theory, abundant endowments of labor are associated with specialization in labor-intensive manufacturing, as long as trade costs are not prohibitive. In fact, the success of East Asia's most dynamic economies is attributed precisely to their ability to integrate into the world economy through the efficient use of the one factor of production that they had in good supply: labor (World Bank, 1993 ). China's progress and ability to reduce poverty in large scale and the East Asia region's quick recovery from the late-1990s economic crisis, for example, have been based to a large extent on a model that relies on importing capital and know-how and exporting goods and services that require a great deal of labor (Gill et al., 2013) . On the other hand, some countries such as the Dominican Republic are labor abundant and the economy has grown fast, but poverty and unemployment remained high. This is a very different story from that of East Asia and one that is suggestive that some countries might not be using efficiently their most abundant factor of production. This paper explores the relationship between factor endowments and comparative advantage. In particular, we test the null hypothesis that the products exported by labor abundant countries are not labor intensive, but rather capital-intensive. In that context, we estimate Rybczynski coefficients for the world and for subsets of countries and test whether Rybczynski coefficients are different across different types of countries. We then use the estimated coefficients to assess whether the countries with a low or high ratio of skilled over unskilled labor have a comparative advantage in products that are capital-intensive or labor-intensive. This paper studies the factor intensity of tradable industries across countries and over time. It is consistent with two neo-classical theories of international trade, namely Ricardian and factor proportions models. Ricardian theories rely on the assumption that countries differ in production technologies, whereas factor proportions models presume that countries utilize similar technologies in production and thus the patterns of trade of an economy are driven purely by international differences in relative factor abundance. There are two strands of empirical trade literature related to these models. The first one examines the implications of the factor proportions theory under the assumption that all countries can access the same technologies. The second assumes Hicks-neutral technological differences across countries.
Under the first strand, Harrigan (1995) focuses on the production side of the factor proportions model and uses data on manufacturing output and factor endowments for 20 OECD countries during the period [1970] [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] . The findings strongly suggest that capital abundance and unskilled labor are sources of comparative advantage in most sectors, but the evidence on the effects of skilled labor (and land) is rather weak. Schott (2003) , on the other hand, investigates whether developed and developing countries specialize in different subsets of products as a result of their differences in factor endowments. Using value-added, capital stock, and employment data from UNIDO for up to 45 developed and developing countries across 28 manufacturing industries (aggregated into HO aggregates based on input intensity) in 1990 he finds that labor abundant countries produced relatively little of the most capital-intensive goods. Batista and Potin (2014) extend Schott's work to explain the dynamics of industrial specialization over time by examining a panel of 44 developed and developing countries over 1976-2000. They find substantial Rybczynski effect in that countries that accumulate capital produce fewer labor-intensive goods and more capital-intensive goods. They further find that poor labor-abundant countries that accumulate capital diversify their output by moving away from labor-intensive industries to capital-intensive industries, while rich capital-abundant countries that accumulate capital specialize in the production of highly capital-intensive goods. Romalis (2004) uses a factor proportions model to examine whether it could explain the structure of commodity trade by integrating a multicountry version of the HeckscherOhlin model with Dornbusch et al (1980) model with a continuum of goods and Krugman (1980) model of monopolistic competition and transport costs. His approach assumes no factor intensity reversals and fixed factor shares within industries and across countries. His results corroborate the following two predictions. First, countries tend to capture larger production and trade shares of products that use their abundant factors more intensively.
Second, countries that rapidly accumulate a factor see their production and export structures systematically shift towards industries that use that factor intensively.
In the second strand of trade literature, Harrigan (1997) was the first to empirically test the factor proportions theory assuming that technological differences across countries are Hicks-neutral and industry specific. He uses manufacturing output shares in GDP and factor endowment data for 10 developed countries across 7 industries (Food, Apparel, Paper, Chemicals, Glass, Metals and Machinery) for the period 1970-1988. The results are roughly consistent with those presented by Leamer (1984, who uses net exports as the proxy for the dependent variable) and Harrigan (1995) and suggest that capital and mediumeducated workers are generally associated with larger manufacturing output shares, while non-residential construction and highly educated workers lead to lower output shares.
The seminal paper by Harrigan (1997) improves substantially upon previous empirical work, but his data shows little cross-country variation as high-income OECD countries have similar factor endowments and sectoral output shares. Harrigan and Zakrajsek (2000) overcome this drawback and exploit the cross-country variation by expanding the sample to include 28 OECD and non-OECD countries and 12 industries over a longer period . Their evidence is broadly consistent with the neoclassical theory in that human and physical capital abundance raise output in the heavy industrial sectors, while physical capital lowers output in food and apparel-textiles.
In a similar vein, Fitzgerald and Hallak (2004) use a cross-section of 21 OECD countries in 1988 to estimate the effects of factor endowment on the pattern of manufacturing specialization, but allow factor accumulation to respond to productivity. Their results suggest that the failure to control for productivity differences across countries produces biased estimates of the Rybczynski coefficients. Their model generates robust results that explain two-thirds of the observed differences in the pattern of specialization between the poorest and richest OECD countries. Using a similar approach, Redding (2002) concludes that in the short run, common cross-country effects such as technological progress are more important in ex-plaining observed changes in specialization than factor endowments. Over longer periods, factor endowments become relatively more important and account for most of the observed variation in specialization. This evidence is consistent with the idea that changes in relative factor abundance occur gradually and take time to affect the structure of production.
Morrow (2010) builds on Romalis (2004) to augment the model with Ricardian TFP differences, and estimates the model using panel data across 20 developed and developing countries, 24 manufacturing industries, and 11 years (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) . He finds that both productivity differences and the interaction of factor abundance with factor intensity play a role in determining international specialization patterns with little evidence that relative productivity levels are systematically higher or lower for skilled labor abundant countries in skilled labor intensive sectors. Furthermore, he finds that differences in factor abundance are more potent than differences in Ricardian productivity in determining patterns of specialization.
Our paper contributes to the existing literature in at least two ways. First, we examine a large number of countries with considerable heterogeneity in their endowments of capital, skilled and unskilled labor. The existing literature has focused on mostly homogeneous groups of countries such as OECD countries or a small number of countries due to limited availability of production data. Since we are using trade data, we are able to expand our sample to include more than 100 countries. Second, we allow for the possibility of changes taking place both in export-oriented and import-competing industries, thus controlling for potential general equilibrium effects, by relying on Leamer (1995) .
The paper proceeds as follows. Section 2 discusses the empirical strategy and describes the data. The results are presented in Section 3. Section 4 concludes.
Estimation Strategy and Data

Econometric model
Our approach is grounded in neoclassical theories of international trade, and there is vast academic literature in this vein (Fitzgerald and Hallak, 2004; Schott, 2003; Harrigan, 1997 ).
The empirical relationship between factor accumulation and exports can be due to the adoption of technologies (which determine factor input requirements in production), the overall level of economic efficiency in an economy, or the rate of factor accumulation (i.e., industries employing skilled labor intensive technologies will not emerge in economies with insufficient skilled labor). In turn, technology adoption and factor accumulation can be determined by various economic, social and institutional phenomena. Broadly speaking, the empirical Rybczynski function for a given industry can be specified as follows:
where the subscript i represents industries, c countries, and t is the time period, K, SL, U L and T are endowments of capital, skilled labor, unskilled labor and arable land, respectively, the dependent variable x is output or exports, and γ t is the year fixed effect. The intercept term captures any other factor of production that is not explicitly included and is industryspecific (we estimate equation (1) for each industry separately). The parameters of interest in equation (1) are the βs, which can be interpreted as the inverse of technologically determined factor input requirements (i.e., the amount of each input required to produce and export one unit of a final good) in a given industry.
To allow for the possibility that changes in the economy take place both in exportoriented and import-competing industries, we control for consumption effects by following Leamer (1995) as follows:
where N X ci is the net exports of country c in industry i, V c and V w are the vectors of endowments in country c and in the world, respectively (which could potentially include different numbers of factors of production), s ci is the consumption share of industry i in country c in total world consumption of that industry, and A is the input-output matrix, with unit factor requirements as its elements. Hence, our estimating equation is the following:
In this specification, all variables are observable except for consumption shares. We use the following two approaches to estimate consumption shares and construct the independent variables:
(1) We assume homothetic preferences across countries so that we can approximate s ci by the ratio of country c's consumption to the world consumption,
(2) We further allow consumption shares to vary by country's level of development by assuming that they are a function of country c's GDP per capita in year t.
As with most applied economic analysis, there are several concerns worth pointing out.
First, the βs can differ across countries within industries due to differences in technology adoption (Cusolito and Lederman, 2009 ) or due to differences in aggregate economic efficiency (or total factor productivity) which can be seen as a scaling factor for the observed factor endowments. As eluded to above, one of the key assumptions underlying neoclassical trade models where comparative advantage is driven by factor endowments is that technologies are identical across countries. This implies, importantly, that a unit of labor or capital in one country is just as productive as a unit of labor or capital in the United States, for instance. In an attempt to address these estimation challenges, we follow the approach taken in Fitzgerald and Hallak (2004) and use existing estimates of aggregate TFP to adjust each country's factor endowments by the TFP differential with respect to the US to net out productivity differences across countries.
Another assumption of neoclassical trade models is that the number of goods equals the number of factors of production. The existing literature interprets the constant in the empirical equation as capturing the average effect of all omitted factors of production. The inclusion of country fixed effects consequently is then equivalent to assuming that the number of omitted factors of production can vary across countries. We estimate the model with and without fixed effects (see Fitzgerald and Hallak (2004) for a discussion of this issue).
We are interested in exploring differences in βs between different subsets of countries:
high income vs. low income, capital or skilled labor abundant vs. unskilled labor abundant.
To account for a common error structure, we interact all the regressors with the indicator variable for the each such group. This is essentially a test of the assumption that all countries utilize the same technologies for each industry (after adjusting for cross-country TFP differentials as in Fitzgerald and Hallak (2004) ) or they belong to the same diversification cone.
Data
The data set used in this paper contains information on net exports in 28 three-digit ISIC manufacturing industries, endowments of capital and arable land, employment of skilled and unskilled workers for a sample of 129 countries over the 1975-2010 period. The Data
Appendix provides details on the data set construction and highlights the limitations on the country and time coverage of the sample imposed by data availability. One such limitation is the availability of educational data in five-year increments. Thus, the data set is a panel of countries by industry over 5-year periods, with factor endowments measured at the initial year of each period, and net (gross) exports averaged over 5-year period.
We construct employment of skilled and unskilled workers using population and educational attainment data from Barro and Lee (2010). Skilled labor refers to workers between ages 25 and 64 who completed high school (secondary) education. The data on trade come from UN Comtrade (accessed via WITS), capital stock, total factor productivity and consumption from the Penn World Tables, and arable Table 1 reports the summary statistics for endowments of capital, skilled and unskilled labor, arable land (unadjusted for productivity differences) and total factor productivity in our sample over time (Panel A). Panel B and C report the same statistics for two subgroups:
countries with high skilled-unskilled ratio and those with low ratio in 2000. We split the sample into two subgroups by skilled-unskilled labor ratio using the median for this ratio in 2000. Table 3 contains the first set of results, which correspond to the unadjusted Rybczynski equations, sector by sector for each of 28 sectors. The dependent variable is net exports, with independent variables constructed as in equation (2). In turn, Table 4 shows the results from the productivity-adjusted Rybczynski equations where the independent variables are constructed using raw factor endowments multiplied by TFP, as in Fitzgerald and Hallak (2004) .
Results
To assess how the productivity adjustment affects the estimated coefficients, we rank industries by factor intensity (from most factor intensive to least) and then compute rank correlations for the specification that includes both country and year fixed effects (from Tables 3 and 4) . We find little correlation between the ranking of industries by skilled and unskilled labor intensity (0.33 and 0.58, respectively), whereas the ranking of industries by capital intensity is almost reversed (-0.64) suggesting that adjusting for productivity makes a difference.
2 Therefore, our discussion of results below focuses on the estimates presented in Table 4 .
Three sets of results are reported in Table 4 : controlling for only year fixed effects, only country fixed effects, and both country and year fixed effects. Recall that country fixed effects are included to allow for the possibility that the number of omitted factors of production varies across countries. The year fixed effects are included to capture any time varying factors common to all countries such as common shocks in any given year or common changes in price levels over time. We use rank correlations to assess the importance of inclusion of country and year fixed effects. The coefficient estimates from Table 4 suggest that the inclusion of year fixed effects does not alter the ranking of industries by their factor intensity, as the rank correlation between the two sets of estimates is close to 0.99. However, the omission of country fixed effects changes the ranking of industries quite a bit. In particular, the rankings are completely independent when industries are ranked by unskilled labor intensity. A quick glance at the estimates from specifications with country fixed effects and with country and year fixed effects in Table 4 also reveals that the two set of estimates are qualitatively the same and we focus our discussion on the latter.
A positive estimated coefficient on, for example, skilled labor for a particular industry means that skilled labor abundance is associated with net exports of that industry, or is a source of comparative advantage. Likewise, a negative coefficient on skilled labor indicates that skilled labor abundance is a source of comparative disadvantage or associated with net imports in that industry.
Generally speaking, the only strong inference is that capital and land are found to be a source of comparative disadvantage in most industries. The coefficients on capital are statistically significant and negative for 11 industries, and positive for only 4 industries, with coefficients for the remaining industries being imprecisely estimated. The coefficients on land are statistically significant and negative for 13 industries and positive for 4 industries.
The effect of skilled labor is always positive whenever statistically significant, suggesting that skilled labor abundance is a source of comparative advantage for 6 industries. The effect of unskilled labor is difficult to sign because of imprecisely estimated effects with large standard errors. These results are consistent with findings by Fitzgerald and Hallak (2004) that after adjusting for productivity differences, the coefficient on capital is more often negative than positive.
The above results are based on the assumption of homothetic preferences across countries allowing us to impute the consumption shares. We further assume that consumption shares vary by the income level of countries and include GDP per capita in our preferred specification. Table 5 reports the results from the productivity-adjusted Rybczynski equations that control for income level of the country. The estimates are qualitatively the same as in Table 4 and hence we proceed with our preferred specification.
To allow for the possibility of more than one diversification cone, we specify an indicator variable for countries with high skilled-unskilled labor ratio in 2000 and interact it with our factor endowment measures. 3 We augment our main regression with these four interaction terms, and report the results in Table 6 . All the regressions include country and year fixed effects. The last two columns indicate whether the difference between estimated coefficients for capital and skilled labor are statistically different from zero across the two groups of countries. For the majority of industries, the estimated coefficients on skilled labor are statistically different between the two groups of countries, while the difference in the estimated coefficients on capital are only statistically different from zero for about half of the industries.
To summarize the results so far, we find strikingly heterogeneous effects of capital, skilled and unskilled labor abundance on net exports across countries with high and low skilled to unskilled labor ratio. There are a variety of reasons that could explain such heterogeneity.
First, the restrictions on capital mobility have been gradually removed over time whereas the restrictions on labor mobility still persist. Therefore, it is possible that capital has become more mobile over time flowing to countries where it could complement abundant unskilled labor. This would lead to the coefficient on capital to be similar across two groups of countries as is the case in half of the industries in our sample. Figure 1 shows the foreign direct investment-gross capital formation ratio in high and low/middle income countries over the last 40 years. This ratio was relatively stable for both groups of countries up until the early 1990s, but has grown significantly since then. Additionally, the ratio has been much more volatile for the high income group relative to the low/middle income group. There seems to be a structural break in the series in the early 1990s. To account for the potential changes in capital mobility across countries, a la Jones (2000), we split the sample into preand post-1995 sub-samples. We estimate our preferred specification using these sub-samples and the coefficient estimates on capital and skilled labor for two sets of countries with high and low skilled-to-unskilled labor ratio before and after 1995 are reported in Table 7 .
Before 1995 capital was a source of comparative disadvantage in all industries of countries with low skilled-to-unskilled labor ratio (estimates for 10 industries are statistically significant and negative) whereas it was a source of comparative advantage in a handful of industries in countries with high skilled-to-unskilled labor ratio (out of 14 statistically significant coefficients on capital, 9 are positive). Furthermore, the difference between the estimates on capital of the two groups of countries is statistically different from zero for all industries with positive and statistically significant coefficient on capital. However, while the number of industries with a negative coefficient on capital has not changed in countries with low skilled-to-unskilled labor ratio after 1995 (estimates for 9 industries are statistically significant and negative), there are now 4 industries where capital is found to be a source of comparative advantage. In contrast, after 1995 the results are more mixed for countries with high skilled-to-unskilled labor ratio; in about half of the industries for which the estimates are statistically significant, capital is a source of comparative advantage and in the other half it appears to be source of comparative disadvantage. Additionally, the differences between the two groups of countries are no longer as significantly different as before 1995, providing some support for increased capital mobility in later decades.
Yet, the pattern of comparative advantage based on skilled labor became increasingly different across these two groups of countries over time. Before 1995, skilled labor was a source of comparative advantage in almost all industries with statistically significant coefficients across both subsets of countries. After 1995, it continues to be a source of comparative advantage in countries with high skilled-to-unskilled labor ratio, but becomes a source of comparative disadvantage in a large number of industries in countries with low skilled-tounskilled labor ratio.
Another explanation for wide heterogeneity in the estimated coefficients is the possibility that countries with high and low skilled-to-unskilled labor ratios produce different varieties within the same commodity categories, with the former using more capital-intensive technologies than the latter, leading to the patterns of comparative advantage observed in the data. This is consistent with the findings in Schott (2003) .
In Table 8 we evaluate the goodness of fit of our preferred estimations for the sample of low human-capital economies and for the sample of high human-capital countries. The first set of columns reports summary statistics for the group of countries with a low skilled-unskilled labor ratio, followed by the high-skill sample. For each group of countries, the table shows the observed average net exports for each industry, the mean regression residuals reported in Table 6 for each group of countries, and the ratio of the mean residual over the observed net exports. Table 8 suggests that the model does a relatively good job at explaining cross country variation in net exports. Most of the ratios of the average industry-specific residuals over the observed average net exports are relatively small -on average about 0.09% and 0.61% for the sample of low-skill and high-skill economies, respectively. Only for handful industries, the average residuals are larger than 4% relative to net exports; for example, the model overpredicts the size of net exports in Tobacco industry for low-skill economies and in Petroleum refineries and Glass manufacturing in high-skill economies, whereas high-skill economies are observed to have less net exports in Non-ferrous metals than the model predicts. Hence,
we conclude that the model with heterogeneous Rybczynski coefficients seems to provide an acceptable set of predictions for both sub-samples.
Conclusion
This paper makes two contributions to the literature. First, it extends the empirical literature on the estimation of factor proportions as determinants of international trade patterns to a large set of diverse economies, including developing countries. By relying on trade data, rather than on production data, and by following Leamer (1995) , the estimation sample includes more than 100 countries, thus providing richer evidence than the existing literature that relies predominantly on data from high-income economies.
Second, the paper pays special attention not only to the role of Hicks-neutral international technological differences, but also to the role of systematic technological differences across countries with different relative factor endowments. More specifically, the paper provides evidence concerning the differences in Rybczynski coefficients across countries with low and high ratios of skilled labor over unskilled labor.
The resulting evidence seems relevant for understanding global patterns of trade specialization. As in Fitzgerald and Hallak (2004) , we find that controlling for Hicks-neutral technological differences across countries is quite important. In particular, capital does not seem to be a "friend" of manufacturing after one controls for international TFP differences that affect the productivity of all factors of production equally. However, skilled labor seems to play an important, favorable role, on average, when one assumes that there are no systematic technological differences across economies with different human capital endowments.
However, the evidence also suggests that allowing for differences in the Rybczynski coefficients across countries changes the picture significantly. Developing economies, with relatively lower endowments of skilled labor, exhibit statistically significantly different coefficients than their high-skill counterparts within industries. In addition, these differences could be associated with the rise of foreign direct investment since the 1990s, when its importance relative to domestic investment rose particularly in low-and middle-income countries. From the viewpoint of low-skill economies, which developed comparative advantage in several manufacturing industries, the evidence implies that export-oriented manufacturing industries do require substantial numbers of unskilled workers relative to skilled workers. In turn, we conjecture that specializing in manufacturing exports that are in part driven by foreign direct investment is unlikely to raise the skilled-labor premium, precisely because these industries seem to be relatively intensive in the use of unskilled labor in economies with relatively low abundance of skilled workers. 44.06 -3.52*** Notes: Coefficients on capital and land are divided by 1,000 and 100, respectively. ***, ** and * indicate significance at the 1%, 5% and 10% level. Other non-metal mineral prod.
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A Data Appendix
A.1 Exports and Imports
The data on trade come from UN Comtrade (accessed via WITS) and cover 129 countries and 28 ISIC manufacturing industries over the 1976-2014 period. We construct 5-year average exports and imports for each country-industry pair. For the first period in our data set we average available 4 years of data (1976) (1977) (1978) (1979) . The resulting data set contains average exports and imports by country and industry over eight 5-year periods (1975-1979, 1980-1984, 1985-1989, 1990-1994, 1995-1999, 2000-2004, 2005-2009, and 2010-2014 
A.2 Stock of Skilled and Unskilled Labor
The data on international educational attainment come from Barro and Lee (2010). We use secondary and tertiary completion ratios and population data for each age group to compute stock of skilled and unskilled labor between ages 25 and 64. These data are available for 146 countries in 5-year increments between 1950 and 2010. Educational attainment data availability imposes the main constraint on the time coverage of the sample. For this reason, we construct our data set to include 5-year averages of trade data and initial factor endowments at the beginning of each 5-year period.
A.3 Capital Stock
The data on capital stock and total factor productivity (TFP) come from the Penn World Tables, and are available 
A.4 Arable Land
The data on arable land come from World Development Indicators (WDI) and span 205 countries over the 1975-2010 period. We use 1975 We use , 1980 We use , 1985 We use , 1990 We use , 1995 We use , 2000 We use , 2005 2010 data as initial values for each 5-year period.
A.5 Final Sample
The final sample contains data on exports and imports for 28 ISIC manufacturing industries over the period 1975-2010 in 5-year averages, as well as total factor productivity, capital stock, stock of skilled and unskilled labor, endowment of arable land at the beginning of each 5-year period (1975, 1980, 1985, 1990, 1995, 2000, 2005, 2010) for 108 countries. The data availability by country and year is reported in Table A1 .
